Abstract. Traffic light detection from a moving vehicle is an important technology both for new safety driver assistance functions as well as for autonomous driving in the city. In this paper we present a machine learning framework for detection of traffic lights that can handle in realtime both day and night situations in a unified manner. A semantic segmentation method is employed to generate traffic light candidates, which are then confirmed and classified by a geometric and color features based classifier. Temporal consistency is enforced by using a tracking by detection method. We evaluate our method on a publicly available dataset recorded at daytime in order to compare to existing methods and we show similar performance. We also present an evaluation on two additional datasets containing more than 50 intersections with multiple traffic lights recorded both at day and during nighttime and we show that our method performs consistently in those situations.
Introduction
In the past decade various advanced driver assistance systems (ADAS) have found their way into series production and today almost all car manufacturers offer a wide variety of comfort and safety features like for example speed limit information, adaptive cruise control and automatic emergency breaking. In addition, safety organizations like the EuroNCAP and the equivalent institutions in other countries, traditionally performing crash tests to assess passive safety, are developing and introducing new test procedures for active safety systems, which further promote the usage of ADAS in commercial vehicles. While there are multiple sensors that can be used in such systems, cameras are usually the most universal and cheapest choice, because they have the highest spatial resolution and are able to detect the highest variety of object types, e.g. traffic signals, lane markings and other road users.
The position and the current state of the traffic lights in front of the vehicle is a valuable information for many safety and comfort driver assistance functions.
Traffic lights detection is needed in order to enable autonomous and highly automated driving in cities and on country roads. Furthermore, red light running is a major safety problem, with estimated 165,000 motorists, cyclists and pedestrians injured in the USA every year, a lot of which fatal [15, 1] . Similar studies in Germany [2] show that 7,356 incidents with people or property damaged happened in 2013 because of disregarding traffic signals at intersections.
In this paper, we focus on the problem of detecting the presence and the state of traffic lights from camera images both at day and at night. Day and night scenes pose fundamentally different challenges for visual traffic light recognition. At day, the structure of the traffic light is well visible, but the light source can be difficult to detect due to the presence of many other bright image regions especially in sunny weather. Furthermore, traffic lights are relatively small in width compared to traffic signs or other road users, which makes the detection at large distances difficult. In contrast, at nighttime, light sources are visible from a very high distance, but since the traffic light box is usually not visible in the camera image (or only at very short distances), there is no textural support to distinguish the traffic lights from other light sources like street lamps and advertisements. Fig. 1 shows examples of such difficult situations. The method presented in this paper is based on machine learning and can handle both day and night situations in a unified manner, such that only the trained classifier parameters are different for day and night, while the whole method remains unchanged. While there is a vast amount of literature on traffic light recognition, only very few vision methods deal with both day and night situations [18, 23] . A detailed overview of the related work is given in Section 2.
Our method consists of two main stages. First, we use a pixel-wise semantic segmentation method similar to [13] to find image regions that are potential traffic light candidates. While similar image segmentation steps, usually based on color thresholding, are used by many other systems, we show that more advanced machine learning methods like our semantic segmentation approach can provide more robust candidates. In a second step, we compute multiple color and geometric features on the regions found in the first step, which are then used by another classifier to confirm or reject the candidates and to also determine the current color of the traffic light. Additionally, a tracking algorithm is used to enforce temporal consistency.
The proposed system is evaluated on two datasets with 57 intersections recorded both at day and at night in order to show that we can handle both scenarios using the same approach. Furthermore, we also present our results on the publicly available dataset of [4] , which contains only daytime recordings.
Our main contribution is a unified framework for real-time traffic light detection both at day and at night based on semantic segmentation to generate traffic lights proposals and the subsequent classifier used to confirm or reject those candidates based on geometric and color features.
Related work
We divide the related methods in three groups based on the situations they operate in: at day, at night or both. While there are works that rely on highaccuracy maps as a prior for the traffic lights position in the camera image [8, 10] , here we focus on purely vision based systems, because they pose unique challenges.
Detection at day
Most of the related works focus on traffic light detection at day. Many methods rely only on pure image processing by applying color segmentation followed by geometric and visual filters [3, 7, 11, 21, 22, 24] . Those methods may deliver good results if the light shape is clearly visible, but it is not clear if they can scale well to various traffic light types and night conditions. The evaluation provided on those methods is also very limited and sometimes only qualitative.
The methods described in [4, 26] rely on template matching in addition to image processing techniques, which increases the robustness of the system in some situations, but they work only during the day. Both methods are evaluated on the dataset or part of it that is introduced in [4] , which we also use for the quantitative evaluation of our method.
More powerful machine learning methods are employed by [5, 12, 16, 20] in order to learn the appearance of the traffic lights at day. However, at night most parts of the traffic light are not visible, so it is not clear if those methods can be extended to also work in all situations.
Most of the works above provide very limited evaluation based on short sequences of couple of minutes or done only qualitatively, which makes comparison of performance difficult.
Detection at night
The big challenge for traffic light detection methods at night is to filter out light emitting objects that are not traffic lights. Several works exist that explicitly focus on the night detection problem either by using template matching methods [9, 19] , support vector machines classification [17] or just image processing [6] . However, due to the lack of a publicly available datasets for traffic lights detection with night recordings, those methods are tested only qualitatively or on small non-public datasets.
Detection at day and night
The methods that are most strongly related to ours are those that are designed to deal both with day and night conditions [23, 18] .
The authors of [18] use a pipeline consisting of image adjustments in the RGB space, thresholding and applying a median filter to detect traffic lights in different weather and illumination conditions. However, the scenarios where this method is applied are limited, because only suspended traffic lights are detected, while at many smaller intersections, only supported traffic lights are available.
Another system designed to handle both day and night situations as well as adverse weather conditions is presented by [23] . The authors employ a color pre-processing step, followed by a fast radial symmetry transform to extract candidates and a spatio-temporal consistency check to reduce false positives. While the detection at day is quantitatively evaluated on the dataset of [4] , the night detection is evaluated only qualitatively, which makes comparison of the performance in different situations impossible.
Our method is evaluated quantitatively both on the dataset of [4] and on two new datasets recorded at night and at day. In this way, we are able to analyze the performance of our method in different lighting conditions.
Method

Semantic Segmentation Candidates Verification
Color based pre-segmentation The general method pipeline is illustrated in Fig. 2 . A semantic segmentation algorithm is first used to label each image pixel and find potential candidate regions in the image. Those regions are then verified by a classifier based on several color and geometric features, which are also used to determine the state of the traffic light. The verification stage also includes a tracking step, which helps to enforce temporal consistency on the traffic lights. 
Semantic segmentation based candidates
The goal of this stage is to find regions in the image that are potential traffic light objects. In this stage, having false positives (e.g. candidates that are not traffic lights) is not critical, since the subsequent verification stage is designed to filter them out. The number of false negatives, on the other hand, needs to be low, because missed traffic lights will not be evaluated in the next steps. Nevertheless, a segmentation method that has few false positives is desirable since the verification stage will be both more accurate and more efficient. It is also important to note that our goal is to design a method that will be applicable both at day and at nighttime. The semantic segmentation problem aims to divide the image into semantically meaningful regions. This is usually done by classifying each image pixel x i with a label y i from a predefined set of labels L. In our case, we need only two labels: background or traffic light candidate. Our goal here is to label only the light spot of the traffic light and not the whole box, because in most cases the box is not visible in the camera image at night.
We employ a three-step semantic segmentation method based on the method of [13] . Each step follows the same approach: for every pixel we compute features from the image and from the result of the previous steps. Each pixel is then classified based on those features by a JointBoost [25] classifier. The three steps are described in detail below, while in Section 4.3 we show how they contribute to the final detection performance.
Color segmentation The first step is a simple color segmentation used to improve the runtime of the method. Instead of tuning the color thresholds by hand, we employ a classifier that uses only the color of the pixel in the Lab color space as input and is biased to have few false negatives on traffic light candidates by giving the traffic light pixels very high weight (see Fig. 3 ). Formally, the color classifier models the conditional probability distribution P (y i |x i ) of the pixel label y i given the pixel intensities x i . The subsequent steps ignore all pixels that were labeled as background.
Texture segmentation In the second step, the pixels are classified based on the texture in their surrounding area. For this we compute a feature vector f (x i ) based on the 2D Walsh-Hadamard Transform [14] , which is a discrete and computationally efficient approximation of the cosine transform and has successfully been used for template matching [14] and semantic segmentation [13, 27] . Similarly to the other works, we compute the first 16 coefficients of the transform separately for each Lab color channel at five scales around the pixel of interest. We also add the 2D coordinates of the pixel to the feature vector to encode spatial context. The classifier operating on those features can be seen as modeling distribution P (y i |f (x i )).
While the classifier trained on texture features is already able to provide good results, the shape of the regions may not be very robust due to small pixel errors around the borders (see Fig. 3 ). This happens because the classifier takes the decision about the class of each pixel individually and independently of the labels of the neighboring pixels. This problem is addressed in the next step.
Region segmentation This step is equivalent to the neighborhood classification stage from [13] . The region classifier considers not only the pixel of interest itself, but also a set of related pixels called a neighborhood. While in [13] several alternatives are proposed that deliver highly accurate results, they are based on geodesic distance which is slow to compute. We define the neighborhood N i of pixel i to contain all pixels in a circle of radius 3 around each pixel, because it is much more computationally efficient.
Every pixel j in the neighborhood N i votes for its most probable class v j based on the output of the classifier in the texture segmentation step P (y j = v j |f (x j )). Those votes are then summarized in a normalized histogram h i over the possible labels c ∈ L. Formally, we write:
The normalized histogram computed in this way is used as a feature vector for the region segmentation classifier together with the response of the pixel itself, which means that the region classifier models the distribution P (y i |h i , P (y i |f (x i )). This formulation allows the classifier to model local context relations, which leads to better segmentation performance and better candidate regions (see Fig. 3 ).
Candidates verification
The semantic segmentation method introduced in the previous section learns texture features and label interactions that are characteristic for traffic lights. However, since the classifiers from the segmentation stage classify each pixel individually, it is difficult to model geometric features that describe whole regions, like for example, if the region has a circular shape. Therefore, in the verification stage we train another classifier based on the region geometry and color features. The classifier does not take decisions on the pixel level anymore, but on the region level. Furthermore, we introduce a simple tracking by detection algorithm in order to enforce temporal consistency of the detections.
Traffic lights classifier Each candidate region coming from the semantic segmentation method is classified in the classes background, green, yellow or red traffic light. The input to the classifier is a set of 21 geometric and color features described in Table 1 . Here, we again make use of the JointBoost classifier, which now operates on regions instead of pixels. The result of the classification is shown visually in Fig. 3 , where only the candidates that were classified correctly are painted in the corresponding color, while the white candidates are rejected. Tracking Since the verification method described above operates on individual frames, one can often observe sporadic false detections that last only one or two frames or detected traffic lights can be missed for several frames mainly due to motion blur or due to LED traffic lights appearing too dark in some frames.
To deal with this problem we introduce a simple tracking by detection algorithm to enforce temporal consistency. The traffic lights are detected separately in each frame and then the detections from two subsequent frames are matched based on the distance between them. This allows us to determine the number of frames each traffic lights has been tracked and only traffic lights that were already seen in at least three frames are counted as detected.
Results
We evaluate our method on three challenging datasets in both day and night situations and present a comparison with two related works. Furthermore, we evaluate the influence of the different steps of our method and its runtime. 
Datasets
We use the publicly available dataset of [4] which is recorded at day in Paris and has a length of around 17 minutes and manually labeled bounding boxes in each frame. Since there is no fixed training and testing split we perform a 3-fold cross-validation. In the rest of the section we refer to this dataset as France Day.
We also created two additional datasets in order to analyze the performance of our method at day and nighttime. We used a 1 megapixel camera taking images at 16 frames per second mounted behind the windscreen of a vehicle. We defined a city route in Germany with a length of around 17 km, which contains 57 intersections with traffic lights ranging from side streets to big multi-lane streets. The recordings were done both on a sunny day and at night. All traffic lights have been labeled with bounding boxes around the 3 lights for the day scenes and around the illuminated light only for the night scenes, if the light source is bigger than 5 pixels in the camera image. We refer to these datasets as Germany Day and Germany Night respectively. Because of the small number of yellow traffic lights in all of the datasets, they are ignored during evaluation.
Comparison to related methods
Two of the related methods [4, 23] have published results on the complete France Day dataset so that we can perform a quantitative comparison. Although the authors of [4] use precision and recall as benchmark measure, they define a computation rule based on temporal tracks instead of frames. This means that one physical traffic light is counted as correctly detected if it is detected in at least one frame during its lifetime. Since our method is able to detect 33 of the 34 traffic lights in at least one of the frames (we also consider the partially occluded ones), the recall of our method is 97.1%, while the authors of [4, 23] report 97.7% and 93.8% respectively. Unfortunately, the authors of [4] do not give precise description of how they compute the precision measure. For details about the false positive detections of our method we refer to our frame based precision in the next section.
Method analysis
Semantic Segmentation For the training of the semantic segmentation method all bounding boxes are first converted into pixel-wise labels on the active light spot of the traffic light. The performance of the three segmentation steps is measured according to the percentage of pixels labeled correctly as background or candidate. While this does not directly translate to detection rate for the traffic lights, because some traffic light regions could be only partially segmented, it is a very good indicator.
From the quantitative results shown in Fig. 6 we see that with every step in the pipeline the number of pixels labeled as traffic lights ("Coverage") decreases significantly, while our semantic segmentation method is able to retain almost all of the real traffic lights ("Traffic lights"). While the Germany Day dataset is more challenging for the simple color segmentation due to the big variety of traffic lights and illumination conditions because of the sunny weather, the region segmentation step achieves results similar to those of the other datasets. Candidates Verification The tracks based recall measure used by the authors of the France Day dataset [4] is not suitable for many functions that need a stable tracking of the traffic lights while approaching the intersection, like for example red light warning or autonomous breaking. Therefore, we employ a frame based measure of recall and accuracy, which are more natural for the mentioned functions.
The quantitative results on all three datasets are summarized in Table 2 with our method achieving similar performance in all scenarios. Fig. 4 and Fig. 5 show some example detections. The tracker is an essential step to reduce the amount of false positives both at day and at night, because they tend to appear only for short periods of time.
System runtime Semantic segmentation methods can be slow in general, since they need to classify each image pixel. Our three-step semantic segmentation approach, however, filters out many of the pixels in the first step, so that the more expensive texture analysis is performed only on the relevant image parts.
The total runtime of our method is 65ms per frame, with the semantic segmentation accounting for 92% of it. All experiments were performed on a machine with 2 Intel Xeon X5690 processors running at 3.5 GHz. The code is written in C++ without the use of SSE instructions and is only partially parallelized.
Conclusion
In this paper, we presented a unified machine learning framework for traffic light detection at different lighting conditions. The used powerful semantic segmentation method is able to provide robust candidates both at day and at night by analyzing the image structure. We also describe several geometric and color features that are used to reject false candidates and to classify the color of the traffic light. An additional tracking by detection step is important for enforcing consistency of the results over time and reducing the amount of false positives.
We showed that our method runs in real-time and delivers good results on three challenging datasets recorded in different illumination conditions and containing data from more than 100 intersections with multiple traffic lights.
